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Abstract 
 

 The wage return to education has been studied for a long time. Acemoglu and Autor (2010) 

connect the decrease of medium-level job opportunities in the U.S. with technological advances. Their 

theoretical model predicts that if technology replaces routine jobs, workers with medium-level skills will 

experience decreases in wages relative to both high-skill workers (who become more productive with 

the improved technology) and low-skill workers (who can less easily be replaced since their work is not 

routine). Moreover, their theoretical model predicts that if medium-skill workers are closer substitutes 

for low-skill workers than they are for high-skill workers, the relative return of high-skill workers to 

low-skill workers should increase. Using education as proxy of skill (Acemoglu & Autor, 2012), this 

paper checks if these three predictions about relative wage returns to education also hold in Brazil. This 

paper finds that the impact of technological change on the Brazilian formal labor market between 1986 

and 2010 is consistent with predicted changes in the return to education for medium-skill workers 

relative to both low and high skill workers. The impact is consistent with predicted changes in the return 

to education for high-skill workers relative to low-skill workers when Lula’s presidency is considered in 

the model. 
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I. Introduction 
 

 The wage return to education has been discussed for a long time since Mincer constructed a 

function to explain income with schooling and experiences. Just like the prices of goods, the return to 

education is determined by demand and supply. In the US, there has been both an increase in relative 

supply of college educated workers, and an increase in relative wage return of a college degree to all 

other workers (Acemoglu & Autor, 2010). This suggests something in the labor market is pushing the 

demand of highly educated workers upward. Studies have argued that skill-biased technology is the 

factor that is shaping the labor market demand and bringing skill premiums to workers with high 

education levels (Acemoglu & Autor, 2010; Berman et al., 1998). Moreover, observations from the US 

suggest that technology is replacing routine jobs generally filled by people with medium education 

levels. This has caused job polarization where the opportunities for mid-wage workers are decreasing, 

while opportunities for workers at the two ends of the job market (low-wage and high-wage) are 

increasing (Keller & Utar, 2016). Decreased demand for these medium-skill-level jobs further pushes 

people with medium education levels – who are already working to shift to jobs with lower education 

requirements (Acemoglu & Autor, 2010). All these trends suggest that technology changes in the US are 

differentially impacting the return to different education levels. According to Acemoglu and Autor 

(2010), the technology improvements started in the 1970s is primarily harming people with medium-

level educations. 

 Data from the Brazilian RAIS dataset, which is an individual-level panel data documenting 

detailed information about workers in the Brazilian formal labor market, further indicates that this 

employment trend is not unique to developed countries. According to Figure 1, the employment shares 

of unskilled white-collar and skilled blue-collar jobs in the Brazilian formal labor market shrank from 

1986 to 2010, especially after 1996, while the employment shares of professional and managerial, 
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skilled white-collar, and unskilled blue-collar jobs increased. I consider professional and managerial, 

and skilled white-collar jobs as high-skill jobs, unskilled white-collar and skilled blue-collar jobs as 

medium-skill jobs, and unskilled blue-collar jobs as low-skill jobs. This observation shows that jobs that 

require medium level of skills are losing their shares in the Brazilian labor market, which is similar to 

what people observed in the US.  

 

Figure 1: Employment shares by major occupation groups, Brazil 1986-2010 

 

Source: RAIS for years 1986, 1990, 1995, 2000, 2005, and 2010. 

 

According to Figures 2, from 1986 to 2010, all occupations in the formal labor market have 

increase in their share of workers with higher education credentials. This can be explained by two 

factors. First, as will be shown later in section IV, the education levels of workers in the formal labor 
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market generally increases across time. Still, this does not fully explain what Figures 2 is showing. For 

example, the relative amount of workers who completed 8th grade decreased from 2000 to 2010. 

However, within unskilled blue-collar occupations, workers who completed 8th grade had a steady 

increase in proportion during that time period, which suggests they are shifting to jobs which require 

lower skills. 

 

Figure 2: Occupational employment shares by worker education, Brazil 1986-2010 

                

Source: RAIS for years 1986, 1990, 1995, 2000, 2005, and 2010. 
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 This tendency demonstrates that when original jobs are no longer available, workers with a 

particular education level are closer substitutes for workers employed in occupations that require lower 

skills (education levels) than they are for workers employed in occupations that require higher skills 

(education levels). That is, in Brazil’s case, when the employment shares of unskilled white-collar and 

skilled blue-collar jobs are shrinking, workers that originally worked or would have worked in these 

occupations are more likely to shift to unskilled blue-collar jobs, rather than professional and managerial 

jobs. 

 With the tendencies mentioned above, the employment share changes, and study from Acemoglu 

and Autor (2010), it is reasonable to predict that in Brazil the relative wage return of medium-level 

educations should decrease relative to both low and high education levels and the relative wage return of 

high-level educations to low-level educations should increase because of technological improvements. 

This paper first demonstrates that technological improvements (proxied by high tech imports as a 

share of GDP) in Brazil are indeed harming workers with medium-level educations the most in relative 

terms. Given this premise, this paper then checks if the wage inequalities between high and low 

education workers shifts in the same directions as Acemoglu and Autor predicted. The results are 

consistent with their predictions about changes in relative wage between low-skill and medium-skill 

workers, and changes in relative wage between medium-skill and high-skill workers. However, the 

results suggest the wage gap between low-skill and high-skill workers in Brazil decreases with 

technology improvements. This may be biased by Lula’s presidency during 2003-2010 since Lula 

conducted many economic reforms to reduce overall inequality at that period. After I add a dummy 

variable indicating Lula’s presidency to regressions, the results suggest the wage gap between low-skill 

and high-skill workers in Brazil increases with technology improvements. All other findings remain the 
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same. In the end, the paper discusses the possibility that job polarization can be transferred from 

developed countries to developing countries as technological advances are adopted in Brazil. 

 Section II of this paper goes through the previous studies of returns to education and a more 

detailed explanation of Acemoglu and Autor’s theory. Section III presents the construction of my 

empirical model based on Mincer’s function. Section IV descripts my data. Section V and VI presents 

and discusses my findings. Section VII concludes. 
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II. Literature Review 

 

A. Studies on Returns to Education 

 Returns to education have different meanings in microeconomic and macroeconomic contexts. 

From the macro perspective, returns to education represents the impact of education on national 

economic growth (Sianesi & Reenen, 2003). From the micro perspective, education is a private 

investment in “human capital” and the return is reflected through individual earnings (Harmon et al., 

2003). The return to education in this paper is consistent with the definition of the microeconomic 

perspective.  

 When education is viewed as an investment, its return is related with its risk. However, it is 

noticed that the return of education is higher than other investments with similar risks (Harmon et al., 

2003). This implies there exist barriers which keep people from receiving their optimal amount of 

education, such as from high school to college (Harmon et al., 2003). Moreover, school quality can 

impact returns to the same education level, while technology changes can impact returns to different 

education levels (Berman et al., 1998; Card & Krueger, 1992; Goldin & Katz, 2010). 

 Perceived returns to education also affect people’s schooling decisions (Harmon et al., 2003; 

Jensen, 2010; Sianesi & Reenen, 2003). That is, people decide whether they continue their study or not 

based on the amount of return they think they will get after graduation. While their estimated return can 

be wrong, students with a higher estimated return from schooling generally intend to continue their 

study for a longer time (Jensen, 2010). 
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B. The Canonical Model and Improvements 

 The traditional Canonical Model on technology and returns to education assumes that there are 

two skill groups, low-skill and high-skill. Technology is assumed to be complementary to either high-

skill workers or low-skill workers. The model predicts that when technology is “skill-biased” and 

resulting demand increases faster than the supply of high-skill workers, inequality between low-skill and 

high-skill workers rises, and vice versa if supply increases faster than demand (Acemoglu & Autor, 

2012). 

 Acemoglu and Autor extend this model by adding medium-skill workers and follow the 

traditional model assumption that technology can both be used to complement workers and replace 

workers depending on type (Acemoglu & Autor, 2010). They suggest that recent technological change 

has been able to replace routine tasks: tasks previously fulfilled by medium-skilled workers. For 

example, travel agents are replaced by online reservations. But that change does not replace non-routine 

tasks previously fulfilled by low-skill and high-skill workers, such as cleaning and managerial positions 

respectively. Hence the relative wage of medium-skilled workers to low-skill workers decreases and the 

relative wage of high-skill workers to medium-skill workers increases. Moreover, if medium-skill 

workers are closer substitutes to low-skill workers than high-skill workers, the wage inequality between 

high-skill workers and low-skill workers rises, all else equal (Acemoglu & Autor, 2010). Their model is 

driven by observations of the US labor market. Observing if this pattern also holds in a developing 

country is a good way to see how well their model can be applied to different labor markets. 
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III. Empirical Framework 

 

 The common way to estimate the return of education is using the Mincer’s human capital 

earnings function (Mincer, 1974): 

 

Where w is an earning measure for individual i. S is a measure of education, that is, the number of years 

an individual spent in school. E is work experience in years. The equation also contains a quadratic form 

for the work experience measure in order to reflect the concavity of returns to experience. Mincer also 

suggests a proxy for work experience when direct information on experience is unavailable. Assuming 

an individual of age A started school at age T, finished S years of schooling in exactly S years (no early 

or late graduation), and began working immediately after the graduation from school, then the years he 

or she spent working can be expressed as Ei = A- S -T. X is a set of other variables besides education 

and job experience that is assumed to affect earnings and u is the random disturbance term assumed to 

be independent of X and S. 

 Mincer’s original education variable is measured in years. However, the RAIS dataset used in 

this paper documents education in credentials, such as high school complete and college complete. The 

measure in credentials is better than the measure in years as the return of schooling is not linear. 

Fulfilling a particular year of schooling, such as the last year in high school or college can bring extra 

wage premium (Hungerford & Solon, 1987; Park, 1996). As a result, the way education is documented 

in the RAIS dataset can be an advantage. Hence, here the education variable documents an individual’s 

highest credential, which can be 4th grade incomplete, 4th grade complete, high school complete, and 

college complete. Workers who completed 8th grade (medium-level education) are used as the reference 
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group in order to easily track the change in their wage returns relative to higher and lower education 

groups across time. The RAIS dataset contains data from 1986 to 2010. Since children began school at 

age 7 before 2010, work experience can be calculated as Ei = A-S-7 (Stanek 2013). It is assumed that for 

workers who completed 4th grade, S = 4. Similarly, S = 8 for workers who completed 8th grade, S = 11 

for workers who completed high school (high school in Brazil takes 3 years), and S = 16 for workers 

who completed college (as Bachelor programs in Brazil are usually 4-6 years). 

Besides education and work experience, previous studies have shown many other factors that are 

related with earning outcomes which can be considered in terms of variables in X – the set of additional 

traits related to earnings. Wage gaps by gender are well documented and have had much research done 

attempting to explain the reasons for this gap. Regional income disparities are observed over the period 

1985-2001 in Brazil (Silveira-Neto & Azzoni, 2006). As a result, I include gender and region as 

variables in X. I would also like to include race and nationality in X because previous studies suggest the 

lack of qualifications and incomplete assimilation generate a wage gap between immigrants and native 

workers (Nielsen et al., 2004). Racial income differences are also observed. However, the RAIS dataset 

does not include a race variable until 2004, and most of the workers in the formal labor market are 

Brazilians. So, the regression here does not include race in order to see the changes of return to 

education through a longer time period and does not include nationality given the data is very 

unbalanced in this variable. 

 Since the study aims to show the impacts of technology improvements to workers with different 

education levels, technology is also an important component of earnings outcomes. We can view the 

impacts of technology in two ways: the first is the general impact of technology improvements to all the 

workers in the formal labor market, and the second is specific impacts to workers with different 

education credentials. As a result, I include one variable proxying the general impact of technology and 
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further interact this term with different education levels to see its impacts on different education groups. 

I use values of high-tech imports to Brazil as a share of total GDP each year as a proxy for the 

inflow/impact of technology from abroad, which is inspired by Connolly (2003)1. Also, since the job 

market needs time to respond to the technology change, I use a one-year lag when studying relationship 

between wage and technology change. 

 Brazil’s economy was not very stable during my period of study. I therefore also include Brazil’s 

annual real GDP per capita in my empirical model to capture the influence of general macro-economic 

conditions in Brazil. 

 Taking my research goal, previous studies, and available data together, the final empirical model 

is shown below. 

 

W is real December monthly wage in year t for worker i in year t.  I use log of real wage to reduce 

skewness of it. S is the education measure as k level dummies, including 4th grade incomplete, 4th grade 

complete, 8th grade complete, high-school complete, and college complete, with workers who completed 

8th grade as the reference group.  E is work experience in years. Technology is represented by the value 

of high-tech imports as a share of total GDP in each year. G is the gender dummy variable which equals 

to 1 for female workers. GCAP is the annual real GDP per capita. L is the location measure as l level 

dummies, including Northeast, Southeast, South, and Center West. Workers who work in plants in the 

 
1 Since most innovation occurs in developed countries, technology must diffuse to developing countries. This can occur through multiple 
channels, including multinational, worker migration, international trade in capital goods embodying tech, etc. Here I just consider one 
channel because of available data, which is high-tech imports to Brazil as a share of total GDP each year. 
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Center West belong to the reference group. Again, the benchmark for this regression are male workers in 

Center West who have completed the 8th grade. 

 

 I will run both fixed-effect regression (equation (3)) and random-effect regression (equation (4)), 

which are constructed based on empirical model of equation (2). Random-effect regression is the most 

powerful regression because it will not drop time-invariant variables that I am interested in. But 

coefficients from it can be biased if there exist latent individual fixed effects that are not included in my 

regression. A fixed-effect regression can control for latent individual effects so the coefficients from it 

can be less biased. However, it cannot estimate coefficients on any time-invariant variables, such as a 

worker’s education level. So, running both is an optimal way to capture coefficients I want and detect 

possible bias in estimations. To the extent that there may be a time trend, like a general increase in 

technology over time, I add a time index to each regression. 
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IV. Data 

 

 The dataset that is used for studying wage returns to education is the RAIS dataset from the 

Brazilian Ministry of Labor. To proxy for technological change, I include trade information from the 

United Nations Comtrade Database and GDP information from the CEPII Gravity Database. I use real 

GDP per capita data from the World Bank to capture the general macro-economic conditions in Brazil. 

 

A. Education and Formal Labor Market 

The study uses the RAIS dataset as the primary data source given it allows the study to track 

individual workers across time by using the unique PIS IDs in the dataset. The RAIS dataset contains 

detailed information about 103 million individual employees in the Brazilian formal labor market within 

period 1986-2010, excluding interns, domestic workers, and other minor employment categories, along 

with those without signed work cards, including self-employed. Based on the trends observed in the 

introduction, the employment share of medium-skill occupations started to shrink around late 1990s and 

early 2000s. 

 The dataset documents individual wages in two ways. The first one is wage of the worker in 

December, which is written as multiple of the minimum wage in December of that year. The second one 

is average wage of the worker over the year or over the employment spell within the plant, which is also 

written as multiple of the minimum wage in December of that year. This paper uses the first method to 

represent wages as this ensures that workers’ formal employment status and earnings are measured at 

the same time point, thus avoiding the potential confounding effects on average yearly earnings which 

may from, for example, different job starting time in a year. 
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For data summary, I derive a random sample which contains information of 3% of workers who 

had wage in December documented in RAIS from 1986 to 2010 at least once. I use sampling data here 

because first the number of observations of RAIS in each year is 30-67 million, which makes tracking 

individual workers in the whole formal labor market population across time difficult. Second, some of 

the workers with a high education credential (college or high school complete) have multiple jobs in the 

formal labor market, and these jobs usually have very different skill requirements. For example, a person 

who completed college is CEO of a company, while at the same time he may also do an unskilled blue-

collar job because he has time and is interested in it. As a result, including all these observations in the 

study can blur the results. A way to solve this problem is to only consider the job with the highest 

payment as the observed job for the study. This process requires a lot of computation power so applying 

it to the whole dataset is not feasible here. After a few rounds of tests and comparisons, I am confident 

that a random sample of 3% of workers who had wage in December documented in RAIS from 1986 to 

2010 at least once (2.6 million) is big enough to represent the population properly. 

I observe inconsistencies sometimes happen in the data for gender, age, and education levels. 

Since RAIS is a panel dataset, it allows me to detect and correct some of these inconsistencies by 

comparing values across time and using frequency to determine the correct data. I especially highlight 

the way I correct education levels here. Since children in Brazil began school at age 7 before 2010 and it 

takes 16 or 17 years of education in total for an individual in Brazil to get a college degree, an 

individual’s education level can keep changing before age 25 and usually remains the same afterwards. 

If a worker’s education level suddenly switches after age 25, it is highly likely that there is a 

documentation error. In Acemoglu and Autor’s model, skill level is a fixed property for each worker 

(2010). Hence, I consider each worker’s most common education level in the dataset after age 25 as 

his/her ultimate education level and use it in later regressions. 
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As a result, I drop workers who never exceed 25 and workers who do not have documented 

education levels after age 25 in the dataset. This step removes data of 0.47 million unique workers (1 

million observations without other missing values) from the sample. In order to avoid negative values 

for work experience, I drop observations where a worker’s age is smaller than number of years required 

to achieve his/her ultimate education level. For example, if I observe a worker aged 17 in 1986 and 

he/she got a college degree after age 25, I know this worker pursued higher education after 1986 and I 

delete this observation. That is, the observations I keep are ones where workers achieved their ultimate 

education levels and would not have further education improvements. This step does not change the 

number of unique workers in the sample. 

After all the cleaning, there are 2.2 million unique workers (18 million observations without 

missing values) in the sample. I am confident that the cleaning will not bias my research results because 

the formal labor market employment distributions from my cleaned sample (Table A3 in appendix) is 

consistent with the population distributions I show in section I: employment share of medium-level jobs 

shrinks across time. Hence, the research context remains the same. 

Below I provide distribution of education levels and summary statistics of real wage in year 

1986, 1990, 1995, 2000, 2005, and 2010 grouped by education levels. These statistics are derived from 

my cleaned sample. 
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Table 1 shows that relatively more and more workers in the formal labor market complete high 

school and college across time. The median of education levels gradually shifted from 8th grade to high 

school around early 2000s. For consistency, I consider 8th grade complete as the medium education level 

for later regressions based on data in Table 1. According to Table 2, the average real wage of workers 

who completed 8th grade experienced a decrease between 1995 and 2005, which corresponds to the 

period when employment share of medium-skill occupations experienced a shrink. Workers who 

completed high school and 4th grade, which are not the two ends of the education credentials, also 

experienced a real wage decrease in that period. All education levels besides 4th grade incomplete 

experienced a decrease in average real wage in 2005 and a recover in 2010. These may be explained by 

the economic downturn happened in early 2000s and later economic reforms which stabilized the 

economy. The number of observations increases across time because the RAIS dataset has more 

observations over time. 
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B. Change of High-tech Imports and GDP 

The UN Comtrade Database contains annual and monthly trade statistics by trading partners and 

commodity types. It covers about 99% trade activities across about 200 countries. In this study, I use 

annual values of imports reported as Commodity Codes  7, 86, and 89 in the Standard International 

Trade Classes (SITC) to represent annual values of high-tech imports, as these three codes stand for 

machinery and transport equipment, scientific and control instruments, photographic goods, clocks, and 

miscellaneous manufactured goods (such as office equipment, including computers in later years), which 

are most likely to contain goods involving technology and used by high-tech industries (Connolly, 

2003). 

I get Brazil’s annual total GDP from 1986-2010 from the CEPII Gravity Database to weight the 

values of high-tech imports as share of total GDP to get rid of inflation problems. The information about 

annual real GDP per capita in Brazil is from Word Bank. 

Figure 3 shows the change of values of high-tech imports as share of total GDP in Brazil from 

1986 to 2010. The values started to have a significant increase during the middle of trade liberalization 

in Brazil (around 1990s). The values experienced a decrease during 2001-2003 and later stabilized. The 

decrease may be related to the economic downturn in Brazil during that time because of high inflation 

and currency issues. 

Figure 4 shows the change of real GDP per capita in Brazil from 1986 to 2010. It experienced a 

drop around late 1980s. This is possibly because of the unstable economy and high inflation during that 

period. The real GDP per capita started to increase rapidly from 2003, the year when Lula became the 

president of Brazil. His presidency involved many economic reforms to stabilize the economy and 

reduce inflation, and that may explain the rapid increase during his ruling period. 
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Figure 3: Values of High-tech Imports as Share of Total GDP 1986-2010 

 
 

Source: United Nations Comtrade Database and CEPII Gravity Database 

 

Figure 4: Real GDP Per Capita of Brazil 1986-2010 

 
 

Source: World Bank 
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V. Results 

 

 



23 

 

First, I apply empirical models (equation (3) and equation (4)) specified in the empirical 

framework to the whole dataset to see how technology improvements are correlated with different 

education levels generally. The random-effects regression suffers from bias due to omitted individual 

traits. However, since fixed-effects regression looks only at deviations of a variable over time, it cannot 

give estimates for any time invariant variables. I therefore present results from both fixed-effects 

regression and random-effects regression. In the fixed-effects regression, gender and education level do 

not have estimates because they are time invariant. Experience is also dropped because for each 

individual, his/her work experience change strictly follows the year trend, so experience has been 

captured by the time index. In the random-effects regression, the estimate of year trend is negative, 

which could reflect level trend in technological impact on workers who completed 8th grade. 
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The coefficients of high-tech imports in both regressions are positive. This makes sense because 

intuitively technology improvements can cause increase in productivity and thus increase in wage. For 

each regression, combining the coefficient of high-tech imports as share of total GDP with the 

coefficients of the interaction terms can give us the correlations between high-tech imports as share of 

total GDP and different education levels’ wage returns. Both regressions show that workers who 

completed 8th grade (medium skill) in the Brazilian formal labor market receive the least benefits from 

technology improvements comparing with workers with other education levels. Least educated workers 

and most educated workers benefit more in their wage returns as technology improved. These suggest 

that as technology improves, the relative wage return of medium-level educations to low-level 

educations decreases, the relative wage return of high-level educations to medium-level educations 

increases, which corresponds to Acemoglu and Autor’s prediction. 

What worth noticing is that both regressions suggest workers who did not complete 4th grade 

benefits the most under technology improvements, instead of workers who completed college. As a 

result, the relative wage return of high-level educations to low-level educations decreases under 

technology improvements, which contradicts Acemoglu and Autor’s prediction. 

Previous data section suggests that the contradiction may be caused by the omitted consideration 

of Lula’s presidency, given his economic reforms had significant impact on Brazil’s general economic 

conditions, especially on reducing income inequality. Hence, I add a dummy variable indicating Lula’s 

presidency to both regressions and the results are shown in Table A4 in the appendix. After including 

the presidency of Lula, the results still suggest workers who completed 8th grade (medium skill) in the 

Brazilian formal labor market receive the least benefits from technology improvements comparing with 

workers with other education levels. Right now in both regressions, workers who completed college 

receive the most benefits from technology improvements, instead of workers who did not complete 4th 
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grade. So, in this case, technology improvements suggest an increase in wage inequality between 

workers with high-level education and workers with low-level education, just as Acemoglu and Autor 

predicted. Also, according to Table A4, Lula’s presidency benefited people who did not complete 4th 

grade the most, which further confirmed the unexpected changes in wage inequality between workers 

with high-level education and workers with low-level education observed in Table 3 can be caused by 

omitted variable bias. 

The unexpected decrease in wage gap between workers who did not complete 4th grade and 

workers who completed college observed in Table 3 can also be an equilibrium outcome based on 

market demand and supply in Brazil, which is different from the market in U.S. Table 1 in Section IV 

shows that workers’ education levels in the formal labor market generally increased from 1986 to 2010. 

Hence, if the demand of low skill jobs remains stable (as shown in Table A3), and the decrease in supply 

of workers with low education is greater than the increase of workers with medium education shifting to 

low skill jobs, the wage of workers with low education should increase. If the increase in demand of 

high skill jobs is less than the increase in supply of highly educated workers, the wage of workers with 

high education may still decrease even with the skill premium from technology. 

 

 

 

 

 

 

 

 



26 

VI. Discussions 

 

A. The Role of Trade 

Acemoglu and Autor observed the job polarization in the U.S. labor market in the 1970s and I 

observed similar changes in Brazil started to happen in the 1990s. Given Brazil’s trade liberalization 

ends at the mid 1990s and U.S. is one of the main trade partners of Brazil who provides high-tech 

exports, it is reasonable to suggest that technology improvements in the past decades first caused job 

polarization in developed countries and this trend spread to developing countries through multiple 

channels of technology diffusion, especially through international trade in capital goods embodying 

high-tech. In my study, I only use this channel as a proxy to technological changes, so I cannot say 

anything about the significance of its contributions to overall technological changes in Brazil. Future 

studies can explore other channels such as worker migrations and factory reallocations together with 

international trade of capital goods to see which channel plays a more important role in technology 

diffusion and improvements. 

 

B. Future Plans 

The main limitation of my current study is that I only used data from the formal labor market in 

Brazil, which can cause bias in my results given informal labor market is also an important part in 

Brazil. Moreover, the available variables in my dataset do not include all the things that can affect the 

wage return to different education levels, such as school quality measures. For future research, I should 

add informal labor market data to my empirical test and try to add more variables that can be correlated 

with education return into my model to decrease the bias of my findings. 



27 

Moreover, it is reasonable to infer that besides having different impacts on wage returns for 

workers with different education levels, technology changes may also have different impacts when we 

change the grouping method. For example, instead of grouping workers by their education levels, we 

can also group by their genders and create an interaction term between technology and gender in the 

empirical model to see the difference. Further research about how technology interacts with different 

properties of workers can help us see the whole picture of the impacts of technology improvements and 

can help determine and winners and losers, which is important for designing future policies. 
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VII. Conclusion 

 

 Inspired by Acemoglu and Autor’s study of the U.S. labor market under technology changes, I 

use this study to check if the trends they observed in U.S. is also observable in Brazil and whether the 

predictions they made about changes in relative wage among workers with different education levels 

still hold in the Brazilian labor market.  

 With values of high-tech imports as share of GDP as the proxy of technology changes, I find 

technology improvements indeed relatively harms people with medium-level education (8th grade 

complete) the most in the Brazilian formal labor market. As a result, holding all else constant, the 

empirical test suggest technology improvements will cause relative return of medium-level education to 

low-level education to decrease and relative return of high-level education to medium-level education to 

increase during 1986-2010 in the Brazilian formal labor market, which are consistent with Acemoglu 

and Autor’s predictions.  

However, in the Brazil formal labor market, workers who benefited the most from technology 

improvements are not workers who completed college, but those who did not finish 4th grade. This can 

be a biased result since after including Lula’s presidency into my empirical model, the new coefficients 

of interaction terms suggest workers who completed college benefit the most from technology 

improvements, all else remain the same. It is also possible that workers who did not finish 4th grade 

indeed benefit the most because market demand and supply of labor with different education levels in 

Brazil is different from U.S., and thus lead to a different equilibrium outcome. 

Despite there are still improvements I can do to my datasets and empirical model, my current 

results suggest that technological changes indeed impact workers with different education levels 

differently and workers with medium-level skills are the ones who face the most challenges. 
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Appendix 

I. Introduction 

Figure A1: Employment shares by major occupation groups, Brazil 1986-2010 (Men) 

 
 

Source: RAIS for years 1986, 1990, 1995, 2000, 2005, and 2010. 
 

Figure A2: Employment shares by major occupation groups, Brazil 1986-2010 (Women) 

 
 

Source: RAIS for years 1986, 1990, 1995, 2000, 2005, and 2010. 
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Figure A3: Occupational employment shares by worker education, Brazil 1986-2010 (Men) 
 

 
 

Source: RAIS for years 1986, 1990, 1995, 2000, 2005, and 2010. 
 

Figure A4: Occupational employment shares by worker education, Brazil 1986-2010 (Women) 
 

 
 

Source: RAIS for years 1986, 1990, 1995, 2000, 2005, and 2010. 
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II. Data 
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III. Results 
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